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Abstract—Real-time taxi–passenger matching plays a critical
role in modern taxi dispatch systems. Currently, the greedy strat-
egy is widely adopted, which limits the quality of the service
(QoS) and the profit of the entire system. There are two crucial
tasks in this system: 1) the pairwise prioritization and 2) the
matching of taxi–passenger pairs. In this paper, we develop a
two-stage taxi–passenger matching system to deal with these two
tasks. In the first stage, we design a fuzzy controller to assign
a priority score to each taxi–passenger pair in real time. To
ensure its performance on providing good QoS and profit, the
fuzzy controller is optimized by an offline differential evolution
algorithm. New individual representation is designed to optimize
the membership functions and fuzzy rule base simultaneously.
To accelerate the optimization process, the algorithm is imple-
mented in a parallel way. Then, in the second stage, considering
the priority scores as weights in the bipartite graph of taxi and
passenger sets, we further apply a polynomial Kuhn–Munkres
algorithm to find the maximum weight perfect matching in the
bipartite graph. Simulated results validate the effectiveness of the
proposed algorithm, which is able to enhance the QoS provided
by the taxi system and improve the profit gained by the taxi
service company.

Index Terms—Differential evolution (DE), fuzzy logic con-
troller (FLC), Kuhn–Munkres (KM) algorithm, taxi dispatch
system.

I. INTRODUCTION

THE TAXI–PASSENGER matching problem plays a cru-
cial role in modern taxi dispatch systems, since it is

closely related to the experience of the passengers and the
profit of the taxi service provider. However, the traditional
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taxi dispatch is lack of an efficient method to match the pas-
sengers and the available taxis. Commonly, the drivers roam
around the city to pick up the passengers on the roadside.
The drivers would like to hunt for the same passengers in
some hotspot areas, which may aggravate the traffic con-
gestion problem [1]–[3]. Meanwhile, the passengers in some
other places can hardly get served, which lowers the qual-
ity of service provided by the taxi system. Considering these
deficiencies, an efficient taxi dispatch method is in need to
improve the satisfaction of the users as well as to increase the
profit of the company.

With the proliferation of mobile taxi booking applications,
the application server receives the real-time information of
taxis and passengers and decides the taxi–passenger assign-
ment. However, the current taxi dispatch systems usually adopt
a greedy strategy to match the taxis and passengers. The
nearest neighbor (NN) algorithm and the max profit (MP)
algorithm combined with a first come first serve (FCFS) strat-
egy are commonly used, since they are easy to implement
and manage [4]–[6]. Although the NN with FCFS method can
guarantee the priority of the passengers and reduce the waiting
time of passengers, it handles the matching process in a local
perspective. The method matches passengers and taxis consid-
ering only the distance between passengers and taxis, whose
comprehensive performance is unsatisfactory. The MP with
FCFS method targets at gaining maximum profit in each sin-
gle match, but it has two limitations. First, the method does not
consider the passenger’s experience, so that the waiting time
of the passengers is often much longer than that derived by
NN. Second, the method always increases the traverse distance
of a taxi to pick up a passenger.

To further improve the taxi dispatch systems, research
efforts are paid to developing new effective matching algo-
rithms. Gao et al. [7] proposed a new algorithm called KMBA,
which combines the Kuhn–Munkres (KM) algorithm with
NN to match passengers and taxis in each time window.
Meghjani and Marczuk [8] developed a hybrid method that
uses the distance-based travel cost to fast pair the taxis and
passengers. Maciejewski et al. [9] proposed an assignment
approach that takes a more global look in making dispatch
decisions. The experiments confirm that it can reduce the
average waiting time and enhance the utility of the taxis.
Zheng et al. [10] proposed a greedy algorithm with a packing-
based matching strategy (GPBM) to maximize the profit of
taxi–passenger matching. Miao et al. [11] proposed a receding
horizon control approach that considers the predicted demands
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Fig. 1. Pipeline of the proposed taxi dispatch system.

to control taxis. In [12], a multiagent taxi dispatch system
had been introduced, which adopted a negotiation strategy to
help drivers find an optimal assignment solution that they both
agree. This method can reduce the waiting time of passengers
and also satisfy the requirements of drivers. In [13] and [14],
a fuzzy logic controller (FLC) considering two contradictory
rules was applied to the dispatch system. The results showed
that the method helps to keep a uniform workload of the
system while its performance in service time is close to that
of the NN. In [15], a fuzzy taxi scheduling system (FTSS)
was proposed, which incorporates five criteria to make deci-
sions for the taxi scheduling. The experiments also validate
the advantages of the FLC. In addition, some efforts have been
paid to developing route recommendation systems for drivers
to hunt for passengers on streets [16]–[18].

Overall, greedy strategies are still the mainstream method
for matching taxis and passengers. But they have some
shortcomings. Most of these greedy strategies derive the taxi–
passenger matching degree from a single attribute, such as
the taxi–passenger distance or profit of the deal. The taxi–
passenger pairs with high matching degrees are then favored
in the following matching procedure. Despite of the advan-
tages of easy implementation and generality, the accuracy of
the greedy results is insufficient, because the matching degree
derived from a single attribute usually fail to reflect the over-
all status of the taxi–passenger pair. The passengers that score
low in the specific attribute may have to wait a long time or
even cancel their requests, which reduces both the quality of
the service (QoS) and the profit of the taxi dispatch system.
For obtaining optimal results in both terms of QoS and profit,
the taxi dispatch system must take multiple matching attributes
into account.

In this paper, we develop a two-stage taxi–passenger match-
ing system, which is illustrated in Fig. 1. The first stage cal-
culates the matching degree for each possible taxi–passenger
assignment, which is named as the pairwise prioritization mod-
ule. After that the second stage is the matching module to solve
the optimal assignment problem, which will provide the final
matching result. The objective of the taxi dispatch system is to
maximize the QoS and increase the profits for the taxi service
company. As reviewed above, the traditional dispatch system
is limited in considering only the distance or the profit of
passengers. In contrast, in our pairwise prioritization module,
we include more attributes to let our system be more com-
prehensive to cope with different situations. A simple method
is to linearly accumulate the normalized input attributes to
an aggregation function. However, the linear aggregation is
somewhat trivial and limited in the performance. The FLC
can incorporate multiple input attributes and simulate the

intelligent decision making procedure of human by performing
several linguistic rules [19]–[21]. In addition, FLC is stable
and computationally efficient, which can provide real-time
responses to the system [14], [22], [23]. In this paper, the
FLC processes three input attributes: 1) the waiting time of
the passenger; 2) the travel distance of the passenger; and
3) the distance between the passenger and the taxi, while it
outputs a priority score. As for the matching module, tradi-
tionally, the FCFS is widely adopted, whose performance is
unsatisfactory since it matches the passengers in a very local
perspective. In our system, based on the output of FLC, we
construct a weighted bipartite graph for taxis and passengers.
This graph is the input of the matching module. A global
algorithm, the KM algorithm, is then adopted to achieve the
maximum weight perfect matching.

In the traditional FLC, the membership functions and the
fuzzy rule base could be chosen by experts. However, without
sufficient experience, one can hardly design an optimal FLC
that can maximize the performance of the taxi dispatch system.
Evolutionary algorithms (EAs) do work in such a scenario,
since they can gain experience during the population-based
search process generation by generation. In the related area,
many efforts have been paid to adopting EAs to optimize the
membership functions. The experimental results validated the
effectiveness in enhancing the performance of FLC [24]–[30].
In addition, some other researches focused on the optimization
of the fuzzy rule base, which also showed significant improve-
ment of the FLC [31]–[33]. However, the optimization of a
single component of FLC is insufficient, since the member-
ship functions and fuzzy rule base both play crucial roles in the
FLC. The optimization of the combination of the membership
functions and fuzzy rule base is a mix-domain optimization
problem, which is a challenging issue. To deal with this chal-
lenge, we develop a differential evolution (DE) algorithm to
optimize the membership functions and fuzzy rule base simul-
taneously. DE is one of the most competitive population-based
stochastic optimization algorithms in dealing with NP-hard
problems [34]–[41]. In the proposed algorithm, a new indi-
vidual structure is put forward to represent the membership
functions. Then, each individual is companied with a medium-
state rule table, which is determined automatically by an
association scheme we developed. Through the association
method, the membership functions and fuzzy rule base are
optimized simultaneously in the evolution process. In addition,
to accelerate the optimization process, the DE is implemented
in a parallel way under the environment of the message pass-
ing interface (MPI). Note that we train (optimize) the FLC
settings offline and then perform the FLC online for realizing
the real-time taxi–passenger matching (RTTPM).
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To summarize, the contributions of this paper are presented
as follows.

1) We propose a novel optimization model to solve the
RTTPM problem in a more comprehensive manner such
that the QoS and the profit of the taxi dispatch system
can be optimized simultaneously. To achieve efficient
optimization, three critical attributes (i.e., the waiting
time of the passenger, the travel distance of the passen-
ger, and the distance between the passenger and taxi) are
extracted from the taxi hailing process and considered
in the model.

2) We design a two-stage architecture for the taxi dispatch
system. As shown in Fig. 1, the two-stage system con-
sists of a pairwise prioritization module and a matching
module. The prioritization module uses an FLC to com-
pute the matching degree of each taxi–passenger pair
based on the above three attributes. The matching model
converts the problem into a bipartite graph weighted
by matching degrees and employs the KM algorithm
to find the perfect matching. To the best of our knowl-
edge, we are the first attempt to conduct prioritization
before matching taxis with passengers, which enables
the system to handle complex practical situations.

3) We develop a novel parallel DE (PDE) algorithm
to optimize the FLC. The PDE uses an association-
based representation scheme that allows concurrent
optimization of the membership functions and the fuzzy
rule base of the FLC, while traditional FLC optimization
methods only consider one of the two components.
The fitness function of PDE is set as the simulation
result of the taxi dispatch system, which facilitates direct
optimization of the FLC for achieving excellent system
performance. Further, we implement the PDE on a par-
allel model to accelerate its execution speed. We name
the resulting FLC as PDE-FLC.

Several simulations are conducted to validate the effec-
tiveness and flexibility of the proposed taxi dispatch system.
Simulation results show that it provides better QoS and
profit than the recently proposed algorithms. Further, we
conduct investigation simulations to evaluate the effective-
ness coming from different subcomponents of the proposed
system. It has been shown that concurrent optimization of the
membership functions and the fuzzy rule base is useful for
performance enhancement. Meanwhile, adopting KM in the
matching module is much better than the FCFS.

The rest of this paper is organized as follows. Section II
reviews related works. Section III models the RTTPM
problem. In Section IV, the FLC-based taxi dispatch system
is introduced in details. Section V illustrates the PDE-FLC.
The simulations are presented in Section VI. Finally, the
conclusions are drawn in Section VII.

II. RELATED WORK

A. Related Taxi–Passenger Matching Methods

There are a number of RTTPM algorithms in the liter-
ature, which can be divided into three categories: 1) basic

greedy algorithms; 2) predictive mechanisms involved greedy
algorithms; and 3) fuzzy controller-based algorithms.

1) The basic greedy algorithms are mainly based on the NN
and MP strategies [7]–[10], [12]. Namely, the smaller the
distance between a passenger and a taxi or the higher
profit the passenger can provide, the higher priority
the passenger possesses. These algorithms are easy to
implement and manage. In addition, some other adap-
tion methods are attached to improve the performance.
In [7], the KM algorithm was used to achieve the optimal
matching. Besides, a negotiation strategy was proposed
to improve the matching process in [12]. Although these
methods help to enhance the performance of the greedy
strategy, the limitations we discussed in the introduction
still exist.

2) The predictive mechanisms involved algorithms utilize
the historical data of the passengers and taxis to predict
some future indices in the system [11], [42]–[44]. For
example, the work in [42] predicts the future availabil-
ity of a taxi which is currently occupied by a passenger.
The study in [43] predicts the service demand that will
emerge at a given taxi stand. The predictive mecha-
nisms mine the historical data to gain more information
about the system for possible performance enhance-
ment. However, the related algorithms still perform the
matching procedure in a greedy manner, which are
deficient.

3) Owing to the great success of FLC in the industry, some
researches attempted to use this method to the taxi–
passenger matching. In [13], the experimental results
showed that an FLC achieved similar performance of
NN while it balanced taxi utilization. In [14], it was
proved that this method can generally outperform the
conventional methods that using a single criterion, such
as min distance or max profit. Therefore, the FLC-based
algorithms can be very competitive in the taxi–passenger
matching. However, the research progress in this area
is still limited and many crucial issues are remained
unexplored. Different from [13] and [14], this paper
develops a two-stage taxi–passenger matching system,
which applies FLC to accomplish pairwise prioritiza-
tion and then utilizes the KM algorithm to achieve
optimal matching results. Besides, the critical compo-
nents of FLC, such as the membership functions and
fuzzy rule base, are optimized by the PDE algorithm.
The optimization objective is to improve both QoS and
system profit.

B. Differences Between Taxi–Passenger Matching and
Route Recommendation

In addition, some route recommendation systems have also
been proposed to improve the QoS and profit of the taxi service
company. In [16] and [17], a coarse-grained recommendation
system was proposed to provide promising driving directions
for the taxi drivers. Qian et al. [18] proposed a sharing con-
sidered route assignment mechanism (SCRAM), which can
provide recommendation fairness for a group of competing
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TABLE I
NOTATIONS OF THE RTTPM

taxi drivers. It considers more variables to enhance the fairness
and efficiency of the systems.

The route recommendation system mines the data of the
taxi traces and the historical information of the passengers
and provides promising driving routes for drivers, so that the
drivers do not need to roam on the roads and hunt for pas-
sengers by themselves. However, the taxi–passenger matching
system is different from the route recommendation system.
The application server can collect the real-time information of
the passengers and taxis. The matching system is designed to
solve the real-time matching of the passengers and taxis. The
taxi drivers only need to receive the matching result of the
application server and then go to pick up his passengers. In
this way, the drivers also do not need to roam on the road.
Both of the two types of systems are quite valuable for the
transportation fields. In this paper, we mainly focus on the
design of the real-time taxi–passenger matching system.

III. PROBLEM FORMULATION

A. Real-Time Taxi–Passenger Matching

This section presents the network and the necessary assump-
tions of the RTTPM problem. Table I shows the notations
in the RTTPM. The taxi–passenger network is represented
as an undirected graph G = (V,E), where the vertex set V
represents the available locations for passengers to get on
or off the taxi and the edge set E is a routine set between
locations in the network. We discretize the continuous time
into many time frames {1, 2, . . . , t, . . . ,T}. The parameter T
is determined by the sampling time between two matching
procedures. During the sampling time, the information about
potential passengers and available taxis are collected to build
the passenger queue and the taxi queue. It is based on the two
queues that the dispatch system can consider the assignments
of taxis to passengers from a global point of view, rather than
using immediate information as in the FCFS methods. The set-
ting of the sampling time is therefore crucial for an efficient
dispatch system. If the sampling time is too short, the obtained

information is very limited, and the system will degenerate to
a local method using immediate information. If the sampling
time is too long, both passengers and taxi drivers have to wait
a long time before getting scheduled. In [10], it is suggested
that the sampling time should be 2–20 s. In order to be as real
time as possible, in this paper, we set the sampling time as 2 s.
This setting is also used in the DiDi app, which is a widely
used real-time taxi hailing app (like Uber) in China. Note that
since the sampling time is introduced to perform matching, the
working scenario is sometimes considered as “near-real time.”
Using a 2 s sampling time, the number of the time frames, T ,
is 1800/h.

Let φt and ψt denote the passenger demand queue and the
available taxi queue at the time frame t, respectively. The
matching algorithm is conducted to assign the |φt| passengers
to the |ψt| taxis.

More formally, given

φt = {p1, p2, . . . , pm} and ψt = {v1, v2, . . . , vn} (1)

Mt[i, j] = f (pi, vj) (2)

where m = |φt| and n = |ψt| represent the number of the
passengers and the taxis at time t. In addition, a numerical
score named matching degree is used to describe the desirabil-
ity to dispatch taxi i to serve passenger j. It is calculated in
the pairwise prioritization module in the taxi dispatch system.
For example, the previous studies directly adopted the dis-
tance between the passengers and taxis [7], [8] or the price of
the deal [10] as the matching degree. So let f represent the
matching degree function between a pair of taxi and passenger
and Mt is an m by n proximity matrix denoting the match-
ing degree at time t. Namely, Mt[i, j] denotes the matching
degree of assigning taxi vj to the passenger pi. In the proposed
system, f is modeled in the pairwise prioritization module
using FLC. Next, suppose the function h (pi, vj) represents
the paring results of the passengers and taxis

h(pi, vj) =
{

1, if taxi vj is assigned to passenger pi

0, otherwise
(3)

and Ht is the m by n incident matrix at time t as

Ht[i, j] = h(pi, vj) (4)

subject to
m∑

i=1

Ht[i, j] ≤ 1,
n∑

j=1

Ht[i, j] ≤ 1. (5)

Namely, each passenger can only be served by one taxi, while
each taxi can only serve one passenger at a time. The total
matching degree F at time t is formulated as

Ft =
m∑

i=1

n∑
j=1

Mt[i, j]Ht[i, j]. (6)

The passenger who is not assigned a taxi at the time frame t
will be passed to the next time frame to process. The system
performance is evaluated by considering the matching results
of all time frames, which will be detailed in the next section.
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Besides, in real-life situation, the passenger could not endure
too long waiting time for the service. So, it is assumed that
the passengers will cancel their demands if they have waited
for more than 300 time frames (10 min) in the RTTPM.

B. System Objectives

In the proposed system, the objective is to maximize the
QoS and profit. The QoS is defined based on two measures:
1) the service rate and 2) the average waiting time of the
passengers before they are picked up. In the following sections,
we define these measures one by one.

1) Service Rate: The service rate is computed as

SR = Qmatch

Qtotal
(7)

Qmatch =
T∑

t=1

∑
i∈φt

∑
j∈ψt

Ht[i, j] (8)

where Qmatch denotes the quantity of passengers that have been
matched, Qtotal is the total number of passengers, and T is the
number of the time frames. SR evaluates how much pressure
the taxi dispatch system can support. The more passengers
that the system can serve, the higher the SR can be, which is
desired.

2) Waiting Time: The waiting time of passengers is caused
by two issues. First is the time to wait the system’s response
for matching, which is denoted as Tmatch. The other is the
waiting time for the taxi to arrive, which is represented as
Tpick. The average time of waiting is formulated as

TW = Tmatch + Tpick (9)

Tmatch =
∑T

t=1
∑

i∈φt

∑
j∈ψt

Ht[i, j] · (t − bi + st)

Qmatch
(10)

Tpick =
∑T

t=1
∑

i∈φt

∑
j∈ψt

Ht[i, j] · wi,j

Qmatch
(11)

where bi is the booking time of the passenger i; st is the system
runtime at time t; and wi,j = E(i, j)/vel is the traverse time
from the current location of taxi j to the location of passenger i.
The vel is the average velocity of the taxis. The TW is deeply
related to the QoS. The low TW means that the passengers
can be served in a short time, which improves the passengers’
experience. Besides, all taxis are assumed to comply with an
identical average velocity (35 km/h according to a recent report
released by the Beijing Municipal Commission of Transport),
so that the term “traverse distance” and “traverse time” can be
used interchangeably.

3) Profit: The profit is a crucial criterion that the taxi ser-
vice provider cares a lot. Usually, it is calculated by subtracting
the expenses from the total income. In the real-life situation,
the composition of the expenses could be very complicated.
Nevertheless, the major expense is highly related to the tra-
verse distance of taxis. In the simplified model, the profit PR
is represented as

PR = Income − Expense (12)

Income = α ·
T∑
t

∑
i∈φt

∑
j∈ψt

Ht[i, j] · Di (13)

Fig. 2. Framework of the FLC-based taxi dispatch system.

Expense = β ·
T∑
t

∑
i∈φt

∑
j∈ψt

Ht[i, j] · (Di + E(i, j)) (14)

where Di represents the required traverse distance of the pas-
senger i; α is the revenue per kilometer; and β is the cost per
kilometer. In this paper, we use α = 1.5 and β = 0.5.

IV. FLC-BASED TAXI DISPATCH SYSTEM

A. Framework of the FLC-Based Taxi Dispatch System

Fig. 2 illustrates the framework of the FLC-based taxi dis-
patch system. For each time frame, the unmatched passengers
and the available taxis are input to the passenger queue and the
taxi queue, respectively. Then, the relative attribute variables
are input to the FLC. After that, the priority score (namely,
the matching degree) for each possible taxi–passenger pair is
calculated. Finally, the matching module performs the KM
algorithm to pair the taxis and passengers according to the
matching degrees. In the next of this section, we implement
two subcomponents involved in the proposed system: 1) FLC
and 2) KM.

B. FLC for Pairwise Prioritization

FLC mimics the decision making procedure of humans,
which does not need an exactly analytic model. Typically,
FLC consists of four parts: 1) a fuzzy rule base; 2) a fuzzi-
fication step; 3) an inference step; and 4) a defuzzification
step [45]–[47]. Fig. 3 illustrates our proposed FLC in the pair-
wise prioritization module. In the FLC, the fuzzification step
converts three crisp input attributes into the linguistic fuzzy
states, each with a membership value calculated by the mem-
bership function. The inference step then maps the input fuzzy
state to the output fuzzy state through the fuzzy rule base.
Finally, the defuzzification step transforms each output fuzzy
state into a crisp matching degree.

There also exists some more powerful fuzzy controllers like
type-2 fuzzy. In [48], the type-2 fuzzy controller was used for
the urban traffic network. The experiments validates the effec-
tiveness and superiority of the type-2 fuzzy. In addition, type-2
fuzzy has also been applied into other difficult problems like
classification, regression, etc. [49]–[51]. Besides, the analytic
hierarchy process (AHP) mechanism [52], [53], which adapts
the weighting factors of the input factors, is also a promising
way to enhance the performance of the FLC. But in this paper,
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Fig. 3. Schematic of the FLC.

we concentrate more on the practicality about using fuzzy con-
troller to solve this RTTPM and consider the classical FLC.
The details of the implementations of the FLC are stated as
follows.

1) Input Variables: The FLC includes three input vari-
ables: 1) Waiting_Time; 2) Travel_Dist; and 3) PT_Dist. The
Waiting_Time refers to the time duration since the passenger
sent the booking request. The Travel_Dist denotes the origin
to destination distance of the passenger. The PT_Dist denotes
the distance between the passenger and taxi. The three input
variables are chosen from entire process of a passenger hail-
ing a taxi to get served. There are three steps to complete
the service after the passenger sends the request. First, the
system performs a matching procedure to designate a taxi to
this passenger. Second, the taxi goes to the passengers location
to pick up the passenger. Third, the taxi serves the passen-
ger to the destination. The Waiting_Time of the passengers is
mainly derived from the first and second steps. The PT_Dist is
involved in the second step. In addition, the Travel_Dist is the
most important factor in the final step. The Waiting_Time and
PT_Dist are related to the QoS since the passengers want to
get served in short time. The Travel_Dist and PT_Dist deter-
mine the profit of the taxi drivers. So, we consider this three
attributes as the input variables in the proposed FLC, which
are calculated as follows:⎧⎨

⎩
Waiting_Time = t − bi

Travel_Dist = Di

PT_Dist = E(i, j).
(15)

With the three variables incorporated into the FLC as above,
the taxi–passenger matching degree takes multiple attributes
that are most relevant to QoS and profit into consideration.
Compared to the methods that only consider one attribute (e.g.,
NN or MP), the FLC calculates the matching degree in a more
comprehensive manner, and thus helps to lower the risk of
inducing extreme cases (e.g., passengers far from available
taxi or having short traveling distance need to wait a long
time or are even forced to cancel their requests).

2) Membership Functions: The membership functions of
the three input and output variables are shown in Fig. 4. Three

Fig. 4. Membership functions of the input and output attributes.
(a) Membership functions of the Waiting_Time. (b) Membership functions of
the Travel_Dist. (c) Membership functions of the PT_Dist. (d) Membership
functions of the Matching_Degree.

membership functions (short, medium, and long) are utilized
for each input variables. In the fuzzification process, those
membership functions are used to convert the crisp input val-
ues to the fuzzy linguistic values. The membership value is
a unitless number ranging from 0 to 1, which describes the
degree that the crisp input belongs to the fuzzy set. Besides,
note that we use the trapezoidal membership functions here.
Actually, some other shapes of membership functions, such as
the Gaussian membership functions [54], [55], are also avail-
able to our proposed system. But the trapezoidal membership
functions are the most efficient one owing to its simple cal-
culation. Considering that the real-time taxi dispatch system
requires taxi–passenger matching responses as quickly as pos-
sible, we adopt the trapezoidal membership functions in this
paper.

3) Fuzzy Rule Base and Inference: The fuzzy rule base
is usually determined by the expertise experience, which
typically consists of a number of “IF-THEN” rules as

IF (a set of conditions is satisfied)

THEN (a set of results can be inferenced).

Table II shows the fuzzy rule base of the FLC. There are
27 rules in the rule base. In this paper, two fuzzy set oper-
ators, intersection and union, are adopted. The intersection
operator is the same as the min operator in mathematic. The
union operator is the same as the max operator. In the rule
matching process, for example, assumed that the membership
value of “Travel_Dist is short” is m1, the membership value
of “PT_Dist is short” is m2, and the membership value of
“Waiting_Time is short” is m3, then the strength of the first
rule is calculated as r1 = min (m1, m2, m3). On the other
side, since the high matching state is inferenced from rules
r12, r20, r21, and r24, the membership of “Matching_Degree
is high” is calculated as o1 = max (r12, r20, r21, r24).

Authorized licensed use limited to: Hanyang University. Downloaded on November 06,2023 at 06:46:40 UTC from IEEE Xplore.  Restrictions apply. 



2718 IEEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS: SYSTEMS, VOL. 51, NO. 5, MAY 2021

TABLE II
FUZZY RULE BASE

4) Defuzzification: The defuzzification step transfers the
fuzzy output values into a crisp output value. There are many
methods that can be used in the defuzzification [56], [57]. A
height defuzzification method [58] is used in this paper. In
this method, the centroid of each membership function of the
matching degree fuzzy set is calculated at first. Then, the final
numerical output is calculated as follows:

O =
∑3

i=1 oi · ai∑3
i=1 oi

(16)

where oi is the membership value of the ith fuzzy output and
ai is the abscissa of the centroid of the ith fuzzy output. Then,
O is the final numerical output.

C. KM for Perfect Matching

After the FLC processing, a proximity matrix that contains
the matching degrees of all possible taxi–passenger pair is
input to the matching module. Unlike the traditional meth-
ods that adopt the FCFS strategy for matching, we use the
KM algorithm [59], [60] to achieve the maximum weight per-
fect matching, which can improve the quality of the matching
results. The matching degree matrix is regarded as a bipartite
graph. Fig. 5 shows an example of the bipartite combinations
of the passengers and taxis. If FCFS is applied, the total match-
ing degree is 3+5+2 = 10. In contrast, by the KM algorithm,
the v1 will be assigned to the p3, the v2 is matched to p2, and
the v3 is going to serve p1. The total matching degree increases
to 13. So, the whole performance is improved.

V. PDE-BASED FUZZY LOGIC CONTROLLER

In the conventional FLC, the membership functions and
fuzzy rule base are set by experts. The drawback of this

Fig. 5. Example of bipartite combinations of the passengers and taxis.

Fig. 6. Representation of trapezoidal functions.

method is that the expert cannot guarantee whether the mem-
bership functions and fuzzy rule base are optimal or not. For
the RTTPM, there does not exist a sophisticated rule base
for evaluating the matching degree. Without sufficient experi-
ence, one can hardly design an optimal rule base that helps to
maximize the QoS and profit of the entire system (as required
by our proposed work). So, the performance of the FLC still
has room to improve. In the literature, many researches have
applied the evolution algorithm to optimize the FLC. The
experimental results proved the effectiveness of this method.
However, most of them only optimized a single part of the
two components (the membership functions, in most cases). If
we can optimize the membership functions and the rule base
together, the two critical factors in FLC are able to fit each
other to obtain the optimal system performance. However, the
optimization of the combination of the membership functions
and fuzzy rule base is a mix-domain optimization problem. To
overcome this challenge, we develop a new individual repre-
sentation method and incorporate it into the PDE-based FLC.
The method enables the simultaneous optimization of member-
ship functions and the rule table. The details of the PDE-FLC
are illustrated in the following sections.

A. Individual Representation and Initialization

To optimize the FLC, first, we need to define the individ-
ual structure and the search space. In the PDE-FLC, each
of the three input attributes has three membership functions,
while the output attribute also has three membership func-
tions. Therefore, there are a total number of 12 membership
functions to optimize. In this paper, each membership func-
tion is represented by a trapezoidal function. Fig. 6 shows the
representation of the trapezoidal function: each membership
function is represented as a triple array (ui, li, ci), where ui is
the length of the upper line, li denotes the length of the under
line, and ci is the middle point of the trapezoid. There exists a
constraint of the triple array that the li must be larger than ui.

Authorized licensed use limited to: Hanyang University. Downloaded on November 06,2023 at 06:46:40 UTC from IEEE Xplore.  Restrictions apply. 



GONG et al.: RTTPM USING DIFFERENTIAL EVOLUTIONARY FUZZY CONTROLLER 2719

Fig. 7. Structure of the individual. (a) Conventional representation method.
(b) New representation method.

To eliminate this constraint, we use a variable di = li − ui to
replace the li in the triple array. This way, each membership
function is represented as (ui, di, ci). Since we have 12 mem-
bership functions, the individual can be represented as Xi,g

= (u1, d1, c1, u2, d2, c2, . . . , u12, d12, c12), where g denotes
the number of the current generation of the population. The
ranges of all the parameters in the individuals are presented
as follows:

0 < ui < Max_Waiting_Time

0 < di < 2 · Max_Waiting_Time

0 < ci < Max_Waiting_Time, (i = 1, 2, 3)

0 < ui < Max_Travel_Dist

0 < di < 2 · Max_Travel_Dist

0 < ci < Max_Travel_Dist, (i = 4, 5, 6)

0 < ui < Max_PT_Dist

0 < di < 2 · Max_PT_Dist

0 < ci < Max_PT_Dist, (i = 7, 8, 9)

0 < ui < Max_Matching_Degree

0 < di < 2 · Max_Matching_Degree

0 < ci < Max_Matching_Degree, (i = 10, 11, 12).

By developing an association scheme, our method is able
to optimize the membership functions and the fuzzy rule base
together. The association scheme is described as follows. First,
let us take a look at the representation used in the conventional
EA-based FLC, which is illustrated in Fig. 7(a). Four seg-
ments in each individual stand for the four attributes. In each
segment, there are three membership functions of the three
fuzzy states (short, medium, and long), which can be parame-
terized as a triple array. There are some constraints to restrict
an individual, since the order of the membership functions
must be considered, e.g., the short function should be located

left to the medium function as illustrated in Fig. 4. Then, all
individuals in the population share the same fuzzy rule base,
which is defined by some external effort. Differently, as shown
in Fig. 7(b), our representation method does not restrain the
order of the parameters. Instead, we use three state variables
denoted as A, B, and C to represent any possible states of
the fuzzy set. Meanwhile, each individual is companied with
a medium-state rule table. After an individual is generated,
we apply an association scheme to provide the meanings of
the states A, B, and C based on the parameter distribution.
For example, if the distribution of the three membership func-
tions for the attribute Waiting_Time is B < C < A, then A, B,
and C are associated with the long, short, and medium func-
tions for the Waiting_Time, respectively. After determining the
meanings of all membership functions for all attributes, the
medium-state rule table is filled with the meaningful states,
which becomes a conventional rule table for FLC. The benefit
of this method is that different individuals may be associated
with different fuzzy rule bases. Therefore, during the evolu-
tion process, the fuzzy rule base is optimized together with the
membership functions. Using the new representation method,
the initialization process is quite simple. All the individuals in
the populations are generated randomly in the corresponding
parameter ranges.

B. Fitness Evaluation

To evaluate the quality of individuals, a fitness function is
necessary in DE. The fitness function is used to guide the
evolution process, leading the population to converge to the
optimal solution. For the RTTPM, as described in Section III,
the QoS and the profit are the two objectives. Based on these,
the fitness function is formulated as follows:

Fitness(SR,TW,PR) = w1 · SR + w2 · TW + w3 · PR (17)

w1 + w2 + w3 = 1 (18)

where SR, TW, and PR are the three measures defined in
Section III, which are obtained via the simulation of the taxi
dispatch system. Since we need to maximize SR and PR and
minimize TW, the TW term in (17) is prefixed with a neg-
ative sign. Different weights are tied to the three criteria to
demonstrate the preference to each one. Higher weight means
we care more about this criterion. To balance the influence of
the three components, each component should be normalized
before it is processed. A min–max normalization function is
adopted to normalize those components in this paper

Normalize(x) = x − xmin

xmax − xmin
. (19)

C. Parallel Differential Evolution

The process of the PDE is shown in Algorithm 1. First,
the population is generated randomly. Then, the differential
mutation and crossover operators are performed on the cur-
rent generation. Afterward, a selection method is adopted to
generate the next generation. In PDE, a parent vector from
the current generation is called a target vector. In addition,
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Algorithm 1 DE Algorithm
1: /* Initialization */
2: Generate the initial population of NP individuals and set

g = 0;
3: /* Main Loop */
4: while Termination Rule is not met do
5: Mutation by Eq.(20);
6: Crossover by Eq.(21);
7: Fitness Evaluation by Eq.(17);
8: Selection by Eq.(22) to form the next generation;
9: g++

10: end while
11: return The best individual.

a mutant vector obtained by the differential mutation opera-
tor is denoted as a donor vector. Then, the crossover operator
recombines the target vector and the donor vector to gener-
ate an offspring named trial vector. Afterward, the trial vector
competes with the target vector in the selection operator. In
this paper, a simple form of the mutation operators is adopted.
To form the donor vector for the ith target vector for each gen-
eration, three parameter vectors are randomly sampled from
the current generation, which is denoted as Xr1,g, Xr2,g, and
Xr3,g. The difference of Xr2,g and Xr3,g is scaled by the scalar
parameter F, and the scaled differential vector is added to
the third vector Xr1,g. Particularly, the donor vector Vi,g is
formulated as

Vi,g = Xr1,g + F · (Xr2,g − Xr3,g)(i �= r1 �= r2 �= r3). (20)

The crossover operator is performed after the mutation. The
donor vector exchanges the genes with target vector to form a
trial vector Ui,g. PDE adopts the binomial crossover operator,
in which the trial vector inherits the genes from either the
target vector or the donor vector according to a crossover rate
Cr. This crossover method is formulated as

uij,g =
{

xij,g, if rand(0, 1) < Cr or j = jrand
vij,g, otherwise

(21)

where uij,g is the jth parameter in Ui,g, xij,g is the jth parame-
ter in the target vector Xi,g, and vij,g is the jth parameter in the
donor vector Vi,g. After the mutation and crossover, a selection
operator based on the survival of fitness strategy [34] is per-
formed to select the offspring. The fitness of the target vector
is compared with that of the trial vector. The one with better
fitness will be selected into the next generation. The selection
is formulated as

Xi,g+1 =
{

Ui,g, if Fitness(Ui,g) > Fitness(Xi,g)

Xi,g, otherwise.
(22)

Through the mutation, crossover, and selection operators, the
individuals of PDE evolve according to the fitness function.
Finally, after a number of generations, the population of indi-
viduals converges to the global optimum. So that the optimal
membership functions and fuzzy rule base are arrived. In the
above procedure, in order to evaluate the fitness of individ-
uals, simulation is required to calculate the QoS and profit
measures, namely, the SR, TW, and PR values. However,

Fig. 8. Flowchart of the PDE-FLC.

for large-scale problems, the evaluation cost could be very
high, which leads to the long runtime of DE. To further
improve the efficiency of the algorithm, we adopt a master–
slave parallel model. The PDE-FLC is implemented by MPI,
a message-passing system for parallelization of distributed
computation [61], [62]. Fig. 8 demonstrates the flowchart of
the PDE-FLC. The master node is responsible for perform-
ing the major DE operators, including initialization, mutation,
crossover, and selection. The slave runs the simulation to
obtain the fitness of the individuals. In this way, we speed
up the execution of PDE.

VI. SIMULATION RESULT

This paper develops a taxi dispatch system, which is com-
posed of a pairwise prioritization module using FLC and a
matching module using KM. In addition, a PDE algorithm
is developed to optimize the membership functions and rule
base in FLC. The optimization is accomplished in an offline
way, and then the system is performed in real time. In this
section, first, investigation simulations are conducted to vali-
date the effectiveness of different components of the proposed
PDE-FLC system. Further, we compare our PDE-FLC with
two recently proposed matching algorithms KMBA [7] and
GPBM [10], which are originated from the methods of NN and
MP, respectively. A normalized linear aggregation (NLA) algo-
rithm is also compared in the simulations, which is commonly
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adopted to deal with multi-input situation [63]. Additionally,
we exploit how the different weight settings in the fitness
function influence the optimization results of FLC. The com-
putational time of the PDE-FLC is also tested on each test
case to validate the real-time characteristic of our method.

A. Simulation Setup

Simulations are performed based on the road network in the
central area of Beijing. There are 20 000 locations that pas-
sengers can get on or off. We conduct two different kinds
of test cases in our simulations, which are named as bal-
ance (B) and unbalance (UB), respectively. In the B test cases,
the requests of the passengers are distributed in a uniformly
random way. In the UB test cases, the time distribution of
the passengers is quite unbalanced. Namely, the passenger
demands vary over time, e.g., there are peak and off-peak
time periods. Meanwhile, the spatial distribution of the taxis
and passengers is also unbalanced in the UB test cases. This
simulation strategy is quite similar to that in [64], where
Grau et al. suggested to consider unbalanced distributions and
the time-varying characteristics of passenger demands, since
these situations are commonly seen in the real life. For all the
test cases, 500 idle taxis are set in the road network at the
beginning of the simulation. In addition, three different pas-
senger scales, namely, 3000, 4000, and 5000 passengers, are
used to test the performance of the matching algorithms under
different working pressure. The corresponding test cases in B
and UB are denoted as B1, B2, and B3 and UB1, UB2, and
UB3, respectively.

PDE adopts the parameter settings that are suggested
in [34] and [35]: the maximum generation is 200, the pop-
ulation size is 100, the crossover rate Cr is 0.5, and the scalar
factor F is 0.5. w1, w2, and w3 are 0.4, 0.1, and 0.5, respec-
tively, for the fitness evaluation. The PDE-FLC is first offline
trained on a Linux cluster which has 68 cores at 1.4 GHz with
112-GB RAM. Note that 51 cores are used in our PDE, one for
the master and the other 50 cores for running the slave proce-
dures. After the offline training, the simulations are conducted
on single core with about 4-GB RAM requirement which is
easily satisfied in the real world. In [10], the sampling time
between two matching procedure has been suggested to be
2–20 s. In the simulations, we set the sampling time to 2 s.
Based on this setting, the total number of the time frames is
1800 for each hour. All the test cases simulate one hour of
real-time passengers-taxis matching. The matching methods
are conducted in every time unit to provide real-time responses
(solutions) to the RTTPM.

In the simulations, we use the service rate SR, time of wait-
ing TW, profit PR, and Fitness to measure the performance
of the algorithms. The SR measures how much pressure the
taxi dispatch system can bear. The TW measures the aver-
age waiting time of passengers. This two measurements are
related to the QoS. As for the PR, it indicates the profit
that the company can gain. The Fitness measures the compre-
hensive performance of the system based on the above three
measurements.

TABLE III
COMPARISONS BETWEEN FLC-FCFS AND FLC-KM

B. Validation of the KM Component in FLC

In many traditional taxi dispatch system, the FCFS strategy
is adopted to handle the requests of passengers. Namely, the
passengers who sent requests earlier will be assigned with a
higher priority to choose the taxis. Differently, in our proposed
system, the KM algorithm is adopted in the matching module
to enhance the performance of the matching process. Now, we
conduct simulations to compare these two matching strategies,
while the other components are kept as the same in the FLC
taxi dispatch system. Table III shows the results. It can be
observed that KM outperforms FCFS in all the test cases. For
the FLC-FCFS, the passengers that come first will be served
first, so that the service rate SR is better than the FLC-KM.
However, the FCFS does not consider the global matching
effect that it may lose some high-quality deals. On the con-
trary, using the global KM matching algorithm, the FLC-KM
can maximize the overall matching degree in each matching
procedure. So, the comprehensive performance of FLC-KM
is better than the FLC-FCFS. The Fitness of KM is better
than the FCFS, which also reveals the advantage of the KM.
Therefore, adopting the KM algorithm in the matching module
helps to improve the system performance.

C. Validation of the PDE Component in PDE-FLC

The membership functions and the fuzzy rule base are two
crucial parts in the FLC. In the FLC-based taxi dispatch
system, if the membership functions are not optimal or the
fuzzy rule base is not reasonable, the performance of the
system could be unsatisfactory. Using the expert experience
to determine the membership functions and fuzzy rule base
is tedious work, and, what is worse, it is not always reli-
able. In this section, we compare FLC with the PDE-FLC to
investigate the effectiveness of the PDE component. Besides,
we also include a CPDE-FLC that optimizes the membership
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TABLE IV
COMPARISONS AMONG FLC, CPDE-FLC, AND PDE-FLC

functions only in the comparison. Since PDE-FLC optimizes
the membership functions and the rule base together, the com-
parison between PDE-FLC and CPDE-FLC helps to reveal
the effectiveness of our new optimization method. The match-
ing module applies the KM algorithm to pair the taxis and
passengers. To make the results convincing, the optimization
component of PDE-FLC and CPDE-FLC is conducted on an
extra training case instead of the test cases. Then, the test cases
are used to evaluate the performance of different algorithms.

The results are shown in Table IV. It can be observed that
PDE-FLC outperforms the FLC significantly. The SR, TW, and
PR have been improved a lot. It validates the effectiveness of
applying the PDE to optimize the FLC module in the taxi
dispatch system. In addition, the PDE-FLC also outperforms
the CPDE-FLC that only optimizes the membership functions
of the FLC. It can be observed that, for all the instances,
PDE-FLC enhances both QoS and profit. It proves that opti-
mizing the membership functions and fuzzy rule base of the
FLC simultaneously is effective and can greatly improve the
performance.

D. Comparison With the Other Algorithms

Further, we compare the PDE-FLC with two recently
proposed greedy algorithms for taxi–passenger matching,
namely KMBA [7] and GPBM [10]. The KMBA combines
the greedy strategy of NN with the KM algorithm, whilst the
GPBM combines the greedy strategy of MP with the packing-
based matching mechanism. The above two greedy algorithms
are selected as they represent the two most commonly used
greedy strategies, NN and MP, respectively. In addition, we
involve another greedy algorithm named NLA into compar-
ison. In the NLA, the matching degree is computed as the
sum of the normalized values of the three input variables in

TABLE V
RESULTS OF DIFFERENT ALGORITHMS FOR RTTPM

the fuzzy rule base of PDE-FLC, i.e., Travel_Dist, PT_Dist,
and Waiting_Time. Based on the matching degrees, the KM
algorithm is applied to achieve the maximum weight perfect
matching. Comparing the results of PDE-FLC with the above
three greedy algorithms, we can not only validate the effective-
ness of the PDE-FLC but also can reveal whether simultaneous
consideration of multiple attributes in matching and the usage
of FLC can enhance the algorithmic performance.

Table V presents the results of KMBA, GPBM, NLA, and
PDE-FLC for RTTPM. It can be observed that although the
greedy algorithms can produce valid solutions, PDE-FLC gen-
erally outperforms them in terms of SR, TW, and PR. For
GBPM, the use of the max-profit greedy strategy makes it
favor passengers with longer travel distance. As the requests
of passengers with short travel distance cannot be satisfied,
the service rate of GBPM is often the lowest among all the
four algorithms. In NLA, the linear aggregation of the input
attributes may cause their values to cancel out each other and
thus result in inaccurate matching degrees, which leads to its
poor performance. KMBA performs the best among the three
greedy algorithms. The NN greedy strategy allows it to priori-
tize matching between nearer taxi and passengers, which helps
to reduce the passengers waiting time and increase the service
rate. Further, the increase in service rate improves the total
profit. However, the proposed PDE-FLC remains advantageous
over KMBA in terms of SR and TW, especially in the UB test
cases. The fitness values of KMBA and PDE-FLC also indicate
that PDE-FLC achieves a better overall performance. To sum-
marize, PDE-FLC is effective in dealing with the RTTPM and
can provide promising profit and QoS values simultaneously.

E. Exploration of Weight Settings

In the PDE-FLC, the fitness function guides the
optimization in the evolution process. In the fitness function,
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TABLE VI
RESULTS OF PDE-FLC UNDER DIFFERENT WEIGHT SETTINGS

we set different weight to each criterion, which shows how
much preference to that criterion. Three different weight set-
tings are adopted to explore the influence in optimizing the
FLC. WS1, WS2, and WS3 represent the preference of profit,
no preference, and preference of QoS, respectively,

WS1{w1 : 0.2,w2 : 0.1,w3 : 0.7}
WS2{w1 : 0.4,w2 : 0.1,w3 : 0.5}
WS3{w1 : 0.6,w2 : 0.1,w3 : 0.3}.

In Table VI, for the fewer passenger cases, B1 and UB1,
the changes of the weights do not obviously influence the
performance, because the taxis are almost enough to serve
those passengers. When the passenger requests increase, the
service rate increases when WS3 is applied to the fitness func-
tion (which assigns the highest weight to the SR). When WS2
is adopted, the optimized FLC shows a good balance in the
QoS and profit. The weight setting WS1 guides the PDE to
optimize an FLC that cares more about the profit. The sim-
ulation results also validate that the profit of that case is the
highest. In the conclusion, for the fewer passenger situations,
different weight settings do not influence the FLC too much.
But, as the number of the passenger increases, the influence
becomes more prominent. So, the taxi service provider can
choose different weight settings based on their own prefer-
ences to make a flexible control of FLC to cope with different
situations, which is another advantage of the PDE-FLC.

F. Computational Time

The total response time of the proposed system is mainly
influenced by the data collection time, the computational time
of the proposed PDE-FLC, and the diffusion time of the
scheduling results. Among these three terms, the first and third
terms are largely dependent of the platform that the system
runs on and thus is not analyzed here. We focus on analyz-
ing the computational time of PDE-FLC. To do so, we record
the average execution time of each matching procedure. As
presented in Fig. 9, the PDE-FLC takes only 4.6–20.1 ms to

Fig. 9. Computational time of PDE-FLC for different cases.

calculate the matching result under different working pressure.
The time is far less than the sampling time (2 s), which cannot
even be noticed by humans. The results prove that the PDE-
FLC can respond quickly and satisfy the real time requirement
in the real-world situations.

VII. CONCLUSION

In this paper, we design a two-stage taxi–passenger match-
ing system to solve the RTTPM. The system applies the FLC
for pairwise prioritization, and it then adopts the KM algorithm
for pairwise matching. However, the traditional FLC is not
always effective and reliable, since the membership functions
and fuzzy rule base are not optimal. To tackle this problem, we
propose the PDE to optimize the FLC. The PDE-FLC embeds
a new individual structure with an association scheme, which
enables the concurrent optimization of the membership func-
tions and the fuzzy rule base. To reduce the execution time of
the evolution process, the proposed algorithm is implemented
in a parallel way using the master–slave model.

Several simulations were conducted to explore the
performance of the PDE-FLC. The simulation results vali-
dated the effectiveness of the proposed KM, FLC, and the
PDE optimization components in improving the quality of
RTTPM. We also showed that it is useful for performance
enhancement by optimizing the membership functions and
fuzzy rule base together. The entire PDE-FLC system showed
advantages to enhance the QoS while maintaining good profits,
when compared with the previous algorithms. In addition, the
PDE-FLC can flexibly deal with different passenger situations
through adjusting the weight settings in the fitness functions
of PDE. To summarize, we developed the PDE-FLC, which
is an effective and flexible schedule algorithm for the modern
taxi–passenger matching system.

For the future work, we will explore some more powerful
fuzzy controllers such as the type-2 fuzzy controller, which
may enhance the performance of the basic FLC adopted in
this paper. The AHP mechanism can also be explored for
further performance boost. In addition, because the RTTPM
has multiobjective optimization feature, some evolutionary
multiobjective algorithms (MOEA/D, HypeE, and NSGA-III)
will also be considered to extend this paper.
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